Indirect measurements of field-scale (hectometer grid-size) spatial-average near-surface soil moisture are becoming increasingly available by exploiting new-generation ground-based and satellite sensors. Nonetheless, modeling applications for water resources management require knowledge of plot-scale (1-5 m grid-size) soil moisture by using measurements through spatially-distributed sensor network systems. Since efforts to fulfill such requirements are not always possible due to time and budget constraints, alternative approaches are desirable. In this study, we explore the feasibility of determining spatial-average soil moisture and soil moisture patterns given the knowledge of long-term records of climate forcing data and topographic attributes. A downscaling approach is proposed that couples two different models: the Eco-Hydrological Bucket and Equilibrium Moisture from Topography. This approach helps identify the relative importance of two compound topographic indexes in explaining the spatial variation of soil moisture patterns, indicating valley-and hillslope-dependence controlled by lateral flow and radiative processes, respectively. The integrated model also detects temporal instability if the dominant type of topographic dependence changes with spatial-average soil moisture. Model application was carried out at three sites in different parts of Italy, each characterized by different environmental conditions. Prior calibration was performed by using sparse and sporadic soil moisture values measured by portable time domain reflectometry devices. Cross-site comparisons offer different interpretations in the explained spatial variation of soil moisture patterns, with time-invariant valley-dependence (site in northern Italy) and hillslope-dependence (site in southern Italy). The sources of soil moisture spatial variation at the site in central Italy are time-variant within the year and the seasonal change of topographic dependence can be conveniently correlated to a climate indicator such as the aridity index.
Introduction
Near-surface soil moisture (h) is a key indicator of hydrological response and a linking variable in the relationships among climate, soil, topography, and vegetation Wilson et al., 2004) . Local knowledge of soil moisture dynamics is crucial for improving water management strategies and setting up optimal use of available water resources (Romano, 2014; Vereecken et al., 2015) . Hydrological processes such as evapotranspiration and surface runoff are highly nonlinear and are controlled by near-surface soil moisture which, in turn, necessitates its inherent variability to be properly described over a variety of spatiotemporal scales (Blume et al., 2009; Swarowsky et al., 2011; Mittelbach and Seneviratne, 2012; Penna et al., 2013; Poltoradnev et al., 2016) . Several studies report local and nonlocal biophysical controls affecting soil moisture patterns across different spatial scales (Famiglietti et al., 2008; Joshi and Mohanty, 2010; Zhao et al., 2011; Brocca et al., 2012; Shin and Mohanty, 2013; Qiu et al., 2014; Zucco et al., 2014) . The relations between soil moisture and the readily available digital terrain data assumed as basic key-controlling factors have been extensively investigated (Beaudette et al., 2013; Hu and Si, 2014; Qu et al., 2015; Schröter et al., 2015) . Other biophysical factors, such as soil properties, vegetation characteristics, and anthropogenic disturbance (e.g. tillage), additionally enhance the spatio-temporal variability of soil moisture patterns (Jonard et al., 2013; Gaur and Mohanty, 2013; Dimitrov et al., 2015) .
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Indirect measurements of soil moisture are becoming either intermittently accessible (low temporal resolution, >1 day) or continuously available (high temporal resolution, 1 day) at the field (e.g. cosmic ray technology, measurement circle with diameter of about 500-600 m) to the regional scale (e.g. remote sensing, pixel dimension of 10-40 km) (Romano, 2014; Brocca et al., 2017; Mohanty et al., 2017) . Many applications, such as water resources planning, soil management, subsurface contaminant transport, precision agriculture, just to mention a few, require spatially distributed information of plot-scale soil moisture (e.g. meter grid size, 1-5 m). A large number of near-real-time on-site measurements (e.g. wireless sensor networks) is necessary in order to develop optimal prevention, mitigation, and adaptation strategies for soil erosion control, flood forecasting, afforestation programs after wildfires, and assessment of contaminant transport to the groundwater (Meyles et al., 2003; Cosh et al., 2004; Hoehn et al., 2017) . However, such dense-information systems require excessive costs, time, and efforts for their installation and maintenance. Before installing a sensor network, it is extremely useful to infer whether or not soil moisture patterns are controlled by either radiation-related or flow-related topographic variables. This is prognostic information enabling the sensors to be optimally positioned in a field plot. Therefore it is necessary to develop suitable methods for capturing these smaller scale insights while having data available at larger spatial scales (spatial scale transfer approach). Solving this top-down spatial scale mismatch forms part of the so-called downscaling problem, which, in brief, involves the use of auxiliary data to retrieve the desired fine-scale fluctuations and heterogeneities of a certain variable given its spatiallyaveraged values at a larger scale (Vereecken et al., 2008; Vereecken et al., 2014; Pachepsky and Hill, 2017; Peng et al., 2017) .
Some existing downscaling methods are based on knowledge of several terrain attributes, which are often easily obtained from already available digital elevation models (DEMs) (Perry and Niemann, 2007; Korres et al., 2010; Busch et al., 2012; Coleman and Niemann, 2012; Werbylo and Niemann, 2014) . Coleman and Niemann (2013) proposed the Equilibrium Moisture from Topography (EMT) model to downscale spatial-average soil moisture values by exploiting information on topographic attributes only. The EMT model was subsequently upgraded by including spatial information about soil and vegetation characteristics (Ranney et al., 2015) across different spatial scales (Cowley et al., 2017; Hoehn et al., 2017) . This physically-sound model provides metrics to define the dominant type of topographic indexes in explaining the spatial variation of soil moisture patterns. In other words, radiation-related and flow-related topographic variables determine whether hillslope dependence or valley dependence is the dominant organization type. Under the above circumstances, we also define temporal instability of soil moisture patterns as the seasonal (intra-annual) change of topographic dependence. If a soil moisture data set exhibits temporal instability, we question the role of climatic seasonality. Our main hypothesis is that valley pattern (flow-related topographic index) should be dominant in the humid season whereas hillslope pattern (radiative-related topographic index) should be more important during the dry season.
The above-mentioned downscaling procedures rely on the availability of spatial-average soil moisture data. If this is not the case, such as when future scenarios need to be developed or there is a lack of historical time series, we hereby propose to obtain surrogate values through the use of a simplistic hydrological model. Bucket-filling models estimate soil moisture by using long records of boundary forcing data and a few lumped parameters for soil and vegetation characteristics (Laio et al., 2001; Bergström and Lindström, 2015; Castillo et al., 2015) .
In this study, we adopt the bucket model proposed by Guswa et al. (2002) and we name it as ''Eco-Hydrological Bucket" (EHB) in the remainder of the paper. The experimental field mimics a bucket requiring boundary forcing, i.e., precipitation and potential evapotranspiration, as input data. Our investigation aims to couple the EHB and EMT models in order to relate boundary forcing data to spatial-average soil moisture which, in turn, is used with readily-available topographical attributes for estimating spatially distributed soil moisture values. The major goal of the present paper is twofold: i) to calibrate and test the performance metrics of the proposed downscaling approach at three sites located in northern, central, and southern Italy under different climatic and topographical conditions; ii) to relate climatic seasonality to the dominant type of topographic dependence affecting temporal instability (if detected) of simulated soil moisture patterns.
The paper is organized as follows: Section 2 briefly describes the three experimental sites and the model set-up whereas Section 3 presents calibration and validation of the EHB and EMT models. In Section 4 we analyze the topographic dependence of soil moisture patterns and their relationship with seasonal values of a climate indicator (Aridity Index, AI). The conclusive remarks are finally presented in Section 5.
Methods and experimental works

Data sets in the three experimental sites
The three test sites are located in Italy along an ideal transect that crosses different local climatic zones (Fig. 1) . Terrain attributes were retrieved from the available digital elevation models (DEM) with different resolutions (see Table 1 ).
The first site known as ''Piramide" (hereinafter PIR) is positioned along a divergent-convex hillslope in the lower part of the Rio Vauz catchment which belongs to the Italian Dolomites (the Veneto Region in northern Italy) (Penna et al., 2009; Penna et al., 2011; Penna et al., 2013) . The size of the field is 0.46 ha, the elevation range is 1936-1986 m a.s.l., and the dominant land use is alpine grassland. Mean annual precipitation is 1.02 m, half of which consists in snowfall (the snow-free period spans from May till October). The climate is typically alpine. Soil depth assessed through depth-to-refusal measurements was on average 1.1 m. The highest content in organic matter was found in the first 0.10 m of the soil profile and soil porosity ranged from 45% to 70.5% (Penna et al., 2015) . Recurrent field campaigns were carried out in the summer season of 2005, 2006 and 2007 in order to measure surface soil moisture on a grid of 26 points by using a portable time domain reflectometry device (TDR300, Spectrum Technologies Inc., USA) connected to probes with metallic rods 0.12 m long.
The second site called ''Ingegneria" (hereinafter ING) is located in the Upper Tiber Valley in the Region of Umbria (central Italy). A detailed description of this experimental area can be found in Brocca et al. (2007) and Brocca et al. (2009 (Nasta et al., 2013) . It is denoted by the acronym MFC1 and belongs to the Upper Alento River Catchment (Nasta et al., 2009; Nasta et al., 2017) . The climate is sub-humid Mediterranean with hotdry summers and mild-wet winters. The MFC1 catchment is divided into private landholdings with different land uses (arable and pasture). Measured soil textural and physical properties are reported in Nasta et al. (2013) . The uppermost soil horizon belongs to the clay loam textural class and is characterized by macroporosity and presence of gravels and stones. Near-surface soil moisture values were measured with a portable TDR device (TDR100, Campbell Scientific Inc., USA) using a 25 m Â 25 m 94-point regular grid over 13 days (from September 1st 2006 to April 24th 2008). The TDR device, along with the supply battery, was fitted in a backpack and connected to the probes (consisting of metallic rods 0.15 m long) manufactured at the Laboratory of Soil Hydrology of the University of Naples Federico II (Italy). The measurements were controlled by a handheld PC.
Historical records of daily rainfall (R) and temperature were retrieved from three weather stations located in close proximity to the experimental sites. Reference evapotranspiration (ET max ) was calculated by following the protocol proposed by Hargreaves et al. (1985) . Information on climate, topography, soil, and vegetation characteristics, as well as measurement surveys pertaining to each experimental site, are summarized in Table 1 . The long records of R and ET max were aggregated in average annual values in the three sites, even though daily climate forcing data were used in the simulations described below. We chose to ignore snowfall at site PIR where conditions are humid due to frequent occurrences of rainfall in the summer and also to very low evapotranspiration fluxes. The other two sites are characterized by the typical seasonality of the Mediterranean climate with warm-dry summers and mild-wet winters.
2.2. Set-up of the conceptual modeling and hypothesis-driven strategy Fig. 2a graphically illustrates the modeling approach that conceptualizes the downscaling procedure by converting field-scale y Snowfall is ignored in the computation of the average annual R.
spatial-average soil moisture (garnet-colored boxes) into spatially -distributed plot-scale soil moisture patterns (blue boxes). In this study we refer to field and plot as spatial scales with hectometer and meter grid sizes, respectively. If the field area is sufficiently small, we can conveniently assume that soil and vegetation parameters are fairly uniform. Time-variant spatial-average soil moisture is obtained by using the Eco-Hydrological Bucket (EHB) model and climate forcing data as inputs. Time-variant soil moisture patterns are then estimated through the Equilibrium Moisture from Topography (EMT) model by using field-scale soil moisture and gridded values of topographic attributes. In other words, spatial-average soil moisture values (i.e., the EHB-model output) simulated under long-term climate forcing data are used as input for the EMT model. The EMT model is able to quantify the relative importance of valleydependent (flow-related topographic attributes) and hillslopedependent (radiation-related topographic attributes) soil moisture patterns. Moreover, this model enables the time stability or instability of soil moisture patterns to be identified whether a dominant type of topographic dependence is time-invariant or time-variant, respectively. The basic hypothesis is that climate seasonality (cyclical alternation of dry and wet conditions within the year) is related to the switching between hillslope-dependent and valley-dependent soil moisture patterns if the EMT model reproduces temporal instability (Fig. 2b) . Therefore, if the assumption of detecting temporal instability by the EMT model is valid, the following scientific question arises: ''what is the relationship between seasonal climate indicators and the dominant type of topographic dependence?". To tackle this problem, we chose the FAO aridity index (AI), i.e. the ratio between rainfall and reference evapotranspiration, as a climate indicator enabling the seasonal climate patterns to be classified (Food and Agriculture Organization of the United Nations, 1977; Cheval et al., 2017) . Spinoni et al. (2015) provide the main AI classes in their Table 1 : arid (0.05 < AI < 0.2), semi-arid (0.2 < AI < 0.5), dry (0.5 < AI < 0.65), sub-humid (0.65 < AI < 0.75), humid (AI > 0.75) and cold (ET max < 400 mm). Below we investigate the empirical relationship between seasonal variation of AI and time-variant topographic dominance of soil moisture patterns.
Both models require calibration by using direct multiple-point measurements of soil moisture data. The unknown parameter sets of models EHB and EMT are calibrated by comparing observed and simulated spatial-average soil moisture and soil moisture patterns, respectively. We specify that also for calibration purposes the input in the EMT model is represented by the output of the EHB model in order to guarantee the combined model performance and consider uncertainty propagation from EHB to EMT.
EHB model
The lumped soil-water balance in each of the three experimental fields is modeled through a single-layer bucket-type model (spatially zero-dimensional) described by the following equation (Guswa et al., 2002) :
where / (m 3 m À3 ) is soil porosity, z r (m) is the hydrologically effective rooting depth, S = h// is unitless and represents the soilwater saturation ratio averaged over the root zone, and I(S,t) is the infiltration rate, whereas L(S), E(S), and T(S) are vertical drainage (or downward leakage from the bottom part of the soil profile), actual evaporation, and actual transpiration, respectively. All of these variables are expressed in units of m d
À1
. The input data are daily rainfall (R) and reference evapotranspiration (ET max ). Rainfall entering the modeled bucket is entirely converted into I until the root zone fills to saturation excess. Infiltration excess is turned into runoff. Water losses (L, E, and T) from the modeled bucket depend on soil hydraulic characteristics, as described in Guswa et al. (2002) , which are unknown and need to be calibrated. Such soil hydraulic parameters are saturation at or below which evaporation ceases (hygroscopic saturation, S h ), saturation at or below which transpiration is zero and the plant wilts (wilting point, S w ), saturation at and below which both evaporation and water root uptake stress begins (S ⁄ ), saturation below which drainage stops (soil saturation at the condition of field capacity, S fc ; see Romano et al., 2011) . Other unknown parameters describing the soil hydraulic properties are the vertical saturated hydraulic con- ductivity (K s,v ) and the vertical pore disconnectedness index (c v ). The model outputs consist of daily L, E, and T rates, in addition to the average root-zone soil saturation (S) which is then converted into a average root-zone soil moisture, h = S/. We assume that h and S are representative values over the entire study area and will be referred to as h and S, respectively. Water that infiltrates into the soil control volume is distributed uniformly over the effective rooting depth at the end of each rainfall event. Indeed, this bucketing conceptualization ignores the vertical distribution of soil moisture within the hydrologically active soil zone, and thus provides only an average saturation over the entire rooting depth. The three experimental sites are mostly covered by short vegetation with roots that are dense closer to the soil surface. Therefore we implicitly make the crude assumption of modeling a relatively shallow effective rooting depth. For calibration purposes, the EHB-modeled and TDR-measured soil moisture can be consistently compared only if the modeled soil depth is assumed equal to the length of metallic rods belonging to the TDR sensors employed during the measurement campaigns.
EMT model
As input, the EMT model uses gridded terrain attributes (slope, potential solar radiation index, surface curvature and contributing area) and spatial-average soil moisture values (simulated by the EHB model) in order to estimate grid-cell soil moisture pertaining to the study area. Soil and vegetation characteristics are conveniently assumed as spatially uniform, an assumption which seems reasonable based on actual field observations and also considering the relatively small area of the three experimental sites. The EMT model is based on the water balance in the hydrologically active layer (assumed with depth equal to z r ) by assuming equilibrium between inflows and outflows. Soil moisture at a given location is computed through the following equation (Coleman and Niemann, 2013) :
where h G , h L , h R , h A are the estimates of soil moisture subjected to drainage, lateral flow (i.e. slope parallel), radiative evapotranspiration (ET) term and aerodynamic ET term, respectively. The terms w G , w L , w R , w A denote the weights of each estimate. Only lateral flow and radiative ET term vary in space with topography and are therefore able to reproduce soil moisture patterns. The lateral flow process explains valley-dependent soil moisture patterns whereas the radiative ET term is linked to the solar radiation index and aspect-related attributes and hence prevails over hillslopedependent soil moisture patterns. Drainage and aerodynamic ET term reproduce spatial-average soil moisture ( h) patterns since they do not depend on topography. The equations explaining the abovementioned terms are as follows. Soil moisture (h G ) and weight (w G ) related to drainage are defined as:
where soil porosity (/), vertical saturated hydraulic conductivity (K s,v ) and the vertical pore disconnectedness index (c v ) are defined in Section 2.3. Soil moisture (h L ) and weight (w L ) related to lateral flow are defined as:
where A is the contributing area, c is the contour length, S L is the topographic slope, e is an empirical parameter relating the hydraulic gradient to S L , j min is the minimum curvature for which the hydrologically active layer is present, j is the local total surface curvature, c h is the horizontal pore disconnectedness, and K is the spatial-average value of the lateral flow index (LFI). The LFI is the first compound topographic index defined as follows:
where K s,h is the saturated horizontal hydraulic conductivity. The LFI varies in space because A, S L and j vary with topography.
Soil moisture (h R ) and weight (w R ) related to radiative ET term are defined as:
where I p is the potential solar radiation index defined as the ratio of the insolation of the topographic surface relative to that of a horizontal surface at the same location and date. Moreover, b r is an empirical vegetation parameter featuring in the radiative ET term, P is the spatial-average value of the evapotranspiration index (ETI) which is the second compound topographic index, defined as:
where a is the ratio of the aerodynamic term to the radiation term.
The ETI varies in space because I p varies with topography. Soil moisture (h A ) and weight (w A ) related to aerodynamic ET term are defined as:
b a is an empirical vegetation parameter featuring in radiative ET term.
It should be noted that drainage does not provide spatially distributed information, and is already quantified in the EHB model (see Section 2.3). Hence we purposely ignore it in the EMT model. Therefore Eq. (2) is simplified as:
The spatial variance (r 2 ) reproduced by LFI and ETI is given by 
where r LFI and r ETI are the standard deviations of the LFI and ETI patterns, respectively. The relative importance of the two patterns is given by the ratio of the difference to the sum between the two variances through the pattern metric N p (Coleman and Niemann, 2013) :
where À1 N p + 1. The N p pattern-metric helps interpret the dominant type of topographical dependence as follows: a) N p = +1 when all spatial variation of soil moisture is due to the lateral flow index (LFI); b) N p = À1 when all spatial variation of soil moisture is due to the radiative evapotranspiration index (ETI).
Calibration and performance metrics of the proposed approach
Calibration was performed by using random parameter sampling (10,000 random parameter combinations in each model) in a two-step approach. In the first step the parameters of the EHB model (S h , S w , S ⁄ , S fc , /, K s,v , and c v ) were tuned on the observed (TDR) spatial-average near-surface soil moisture values. In the second step, the unknown parameters (K s,h , c h , b r , b a , j min , e, and a) of the EMT model were calibrated on the observed (TDR) sparse soil moisture measurements. Both calibration steps based on the skill score were executed by maximizing the Nash-Sutcliffe Efficiency (NSE) index (Nash and Sutcliffe, 1970) expressed as a percentage after 10,000 model simulations by using random parameter combinations. The root mean squared deviation (RMSD in percentage) was also used to diagnose performance metrics. The two metrics were calculated by considering soil moisture values at all measurement locations and on all days of the measurement campaigns.
The performance of the EHB model is shown in Fig. 3 , while Table 2 reports prior range and optimized values at the three experimental sites together with performance metrics (NSE and RMSD). The active depth z r was fixed at the length of TDR sensor rods used at the three sites.
At site PIR the optimized / = 0.45 m 3 m À3 falls within the measurement range and can be considered acceptable as the EHB model is unable to characterize macropores on the surface organic layer. Moreover, the optimized value of K s,v is two orders of magnitude higher than the average saturated hydraulic conductivity (about 0.259 m d
À1
), measured by means of a Guelph permeameter (Penna et al., 2013) . This high value is justified by the presence of macropores generated by earthworm biological activity, as observed by the authors. The EHB-simulated spatial-average soil moisture data are able to reproduce the drying and wetting dynamics fairly well in the range between 0.30 m 3 m À3 and 0.45 m 3 m À3 , but a mismatch is observed for values above soil porosity and under very dry conditions (Fig. 3a) . Note that model simulations in this site are assumed valid only in the snow-free period (typically May-October). Given these circumstances, the EHB model is able to mimic the observed values fairly well (Fig. 3d) , as diagnosed by acceptable performance metrics reported in Table 2 .
The model calibration at the ING site was executed over a short time-span (February to May 2004) and the optimized parameters belong to a silty clay loam class (Clapp and Hornberger, 1978) except saturated hydraulic conductivity which is higher than expected. Field capacity is h fc = 0.33 m 3 m À3 and corresponds to listed average values reported by Romano et al. (2011) . Model performance is excellent as displayed in Fig. 3b . Even though the calibration was carried out for a short-term period and observed data vary within a limited range, we can consider model simulations very accurate. Modeled and observed spatial-average soil moisture data align along the 1:1 line (Fig. 3e ) and we report a high value of NSE and low value of RMSD (Table 2) . The soil hydraulic characteristics optimized at the MFC1 site can be considered valid for a clay loam soil. Nasta et al. (2013) report a spatial-average K s,v = 0.582 m d
, as determined by laboratory methods. Indeed, most of the area is arable land subjected to soil tillage that may dramatically alter porosity and hydraulic conductivity on the surface layer (Romano and Nasta, 2016 ). The EHB model is able to reproduce spatial-average soil moisture dynamics covering at least an entire hydrologic year characterized by the typical seasonality of the Mediterranean climate. Closer inspection of Fig. 3c reveals the good performance of the modeled data that mimic the swift responses to rainfall occurrences in the wet season and the drydown trend in summer. The results are corroborated by the fair alignment of modeled and observed soil moisture in Fig. 3f and the satisfactory performance metrics reported in Table 2 . Table 3 reports optimized parameters and performance metrics pertaining to spatial distributed soil moisture patterns simulated by the EMT model. Fig. 4 offers a visual analysis in three illustrative examples by showing observed soil moisture values and simulated patterns of soil moisture in a specific date of measurement after model calibration.
At the PIR site the EHB-simulated spatial-average soil moisture is 0.39 m 3 m À3 (35th measurement date), and the readily available topographic data should detect wet and dry areas in convex and divergent regions, respectively (Fig. 4a) . Simulated driest soil moisture values (red to orange) mismatch the observed ones whereas soil moisture values above the spatial average (green) are well represented by the model. At the PIR site the overall performance of the downscaling procedure is fair (NSE = 30.3%; RMSD = 6.4%; see Table 3 ). Nevertheless, in this snow-dominated environment spatial variation of soil moisture induced by snowmelt and accumula- tion dynamics was ignored in this study because the EHB model does not consider snow sublimation and melting processes. At site ING, simulated soil moisture values above the spatial average are aligned along the water lateral-redistribution grid cells. Overall the best model performance is observed at ING that is affected by a relatively low discrepancy between observed and simulated spatially distributed soil moisture patterns (RMSD = 4.57%). Both simulated and observed highest soil moisture values (above the spatial average equal to 0.30 m 3 m À3 in the 8th measurement date) are dominated by lateral flux (Fig. 4b) , even though the observed soil moisture patterns do not unfortunately entirely cover the experimental area for model validation purposes. The worst performance is observed at the MFC1 site (NSE = 28.8%). In this case the EMT model is unable to fully exploit readily available topographic information as diagnosed by RMSD = 7.55%. Nonetheless, as revealed by Fig. 4c , simulated soil moisture patterns (EHB-simulated spatial-average soil moisture is 0.35 m 3 m À3 in the 8th measurement date) tend to show wetter conditions on the north-facing slope with surface morphology that favors water accumulation. Such simulations are partly supported by the observed soil moisture patterns. This experimental area is the largest among the three fields and is characterized by a higher degree of heterogeneity in terms of spatial variability of land use and soil properties. The original assumption of uniform vegetation and soil properties attributed to the field is probably partly violated although the expected zone of wetness identified by topography represents fairly well the observed soil moisture values in wet conditions. We recall that, on the one hand, increasing saturated horizontal hydraulic conductivity (K s,h ) and empirical vegetation parameter featuring in radiative ET (b r ) favor lateral flow and promote valley-dependent soil moisture patterns. On the other, hillslopedependent soil moisture patterns become more prevalent when c h and e increase. The remaining terms (b a ,j min ,a) have little effect on the simulated moisture patterns (Coleman and Niemann, 2013) .
We now evaluate the ability of the EMT model to reproduce the first and second moments of the frequency distribution of the observed soil moisture patterns, and the correlation coefficient between simulated and measured values of h. We refer to the decomposition of the NSE as follows (Gupta et al., 2009) : 
where l and r are the mean and standard deviation, respectively, of the observed (subscript ''obs") and simulated (subscript ''sim") soil moisture values, r is the correlation coefficient between simulated and measured soil moisture values, u compares observed and simulated spatial variability, and w is the bias expressed in units of r obs . The three components of NSE should be visualized in 3-D criteria space and best parameter set (optimal point) is the one with the shortest Euclidean distance with the ideal point (r = 1, u = 1 and w = 0). For convenience, we assume the term w as null and hypothesize a perfect match between simulated and observed spatial-average soil moisture (ideal performance of the EHB model). Therefore, we reduce the dimensional criteria space in 2-D and compare trade-off with the ideal point (r = 1 and u = 1), indicating a perfect match between simulated and observed soil moisture patterns. Fig. 5 shows the RMSD% values (colorbar from blue to yellow, indicating low and high discrepancies, respectively) pertaining to all 10,000 random parameter combinations scattered as a function of u and r for the three experimental sites. The optimal point is represented by the black asterics (r = 1, u = 1) and the optimal parameter set is the closest to the ideal point.
Best (or least worse) model performance is given in the ING site with the shortest Euclidean distance between ideal and optimal points (r = 0.67, u = 0.72). The PIR site has a lower correlation coef- ficient but higher capability via the EMT model of explaining observed spatial variability of soil moisture patterns (r = 0.56, u = 0.88). At the MFC1 site the EMT-simulated spatial variability of soil moisture patterns is only about half of that observed (r = 0.53, u = 0.54). However, Gupta et al. (2009) warn on the interplay between r and u with the risk of underestimating the spatial variability in the soil moisture patterns. Nevertheless, the EMT model exploits only spatially distributed terrain attributes and ignores the spatial information on soil and vegetation (Ranney et al., 2015) . Indeed, the lowest RMSD% values are distributed for u < 1, implying that the EMT model is unable to reproduce spatial variability higher than the measured one. Given the large area of the MFC1 site, it would be better to include spatial variation of soil and vegetation parameters in the EMT model (Ranney et al., 2015) .
Results and discussion
Analysis of spatio-temporal variance in soil moisture patterns
The spatial variation of soil moisture patterns explained by the EMT model is interpreted through the N p pattern metric (calculated with Eqs. (8) and (9)) depending on parameter combinations for u < 1 (quantified through the boxplots shown in Fig. 6 ). This allowed us to run a sensitivity analysis of the EMT model only for the theoretically valid and plausible parameter sets. As shown by Fig. 6 , the type of topographic dependence varies with spatialaverage soil moisture at all sites. In general, the lowest h-values are associated to N p = À1, implying that the ET index is the dominant pattern of spatial variation of soil moisture patterns.
Conversely all spatial variation is due to lateral flow and valley dependence (N p = +1) when h-values are highest. The range of plausible N p values is very low under extreme saturation conditions (whether dry or wet). Yet we observe a wide range of N p values in the transition from dry to wet conditions (or vice versa).
The median values of the boxplots (horizontal red lines inside the boxes) represent the most probable types of topographic dependence that vary with spatial-average soil moisture values which in turn depend on climate seasonality. In this regard, Fig. 6 needs to be visualized together with Fig. 7 which shows spatial-average soil moisture values aggregated at monthly averages by using available historical time series of daily rainfall (R) and reference evapotranspiration (ET max ) (see Table 1 ).
The spatial-average soil storage and soil moisture associated to the aridity index (AI) in each season are summarized in Table 4 .
The snow-free summer period at the PIR site (delimited by the orange vertical dashed lines in Fig. 7d) ) at PIR, even though strong seasonality of soil moisture was reported in a high mountain catchment in Switzerland (Röbler and Löffler, 2010) . Soil moisture patterns at PIR (Fig. 6a) are mostly dominated by the valley-dependent index (LFI). We report S! 0.90 which is slightly below field capacity (S fc = 0.962; see Table 2 , respectively (Fig. 6b) . The spatial variation of soil moisture patterns is mostly explained by the radiative ET process under a sub-humid (spring with 0.65 < AI < 0.75 and S = 0.68) and semiarid (summer with 0.20 < AI < 0.50 and S = 0.51) climate (Fig. 7b) . In summer, soil saturation approaches the wilting point (S w = 0.436; see Table 2 ). This test site proved to be the most highperforming, with an intra-annual change of LFI and ETI dominance periods that reflect seasonal variability of boundary forcing data in the Mediterranean climate. This degree of temporal instability may also be explained by a high value of K s,h and a b r value close to 0.8 (Table 3) , as recommended by Coleman and Niemann (2013) . Temporal instability in the EMT model is a consequence of the dominance of lateral flow during the two humid seasons (winter and fall) since this hydrological process controls valley-dependent soil moisture patterns. By contrast, during the dry season in the Mediterranean climate, hillslope-dependent soil moisture patterns are mainly influenced by radiative ET which controls vertical water flux along the soil profile. As shown by Fig. 7b, (Fig. 6c) . However, spatial-average soil moisture is expected to be lower than 0.30 m 3 m À3 (Fig. 7f) occurring under a semi-arid climate ( S in summer is close to the wilting point, S w = 0.378; see Table 2 ). The increase in spatial-average soil moisture during the humid seasons (fall and winter with AI > 0.75 and S close to field capacity, S fc = 0.708; see Table 2 ) is not sufficient to switch the type of topographic dominance. Therefore valley dependence is never dominant at this site. EMT-simulated soil moisture patterns at the three experimental sites are displayed in Fig. 8 of N p values > 0, diagnosing valley-dependent soil moisture patterns when surface and subsurface lateral flow occurs.
The distributions of N p values are wider in the fall season that is probably affected by antecedent dry conditions. It is worth noting that there are four cases in winter and two cases in fall with AI values < 1 and median values of corresponding N p distributions around zero, indicating equilibrium between ETI and LFI dominance (see Fig. 6 ). The driest seasons are spring and summer when lateral redistribution is minimum and water fluxes are essentially vertical. In spring we observe N p -distributions approximately centered around zero, implying an equilibrium between hillslopedependent and valley-dependent soil moisture patterns. Nonetheless in summer the spatial variability of soil moisture is mostly dominated by ETI patterns (negative N p -values), hence governed by the potential solar radiation index (I p ).
The relationship between seasonal AI and median value of the N p distributions (red horizontal line in the boxplots of Fig. 9 , assumed as the most probable value) is displayed in Fig. 10 . On Table 4 Seasonal values of historical aridity index (AI) together with the spatial-average soil-water saturation ratio ( S) and soil moisture ( h) for each study catchment. 
Conclusions
This study explored the feasibility of downscaling field-scale spatial-average soil moisture to plot-scale soil moisture patterns based on easily available terrain features and long records of climate forcing data. The proposed model was calibrated with sporadic and sparse measurements of ground-based soil moisture values at three small experimental sites with low topographical relief. The results offer the opportunity to interpret the timevariant sources of soil moisture spatial variability by considering the impact of dominant hydrological processes under dry and wet conditions. The experimental PIR site (hillslope characterized by high elevation, steep slope, humid summer) is dominated by time-invariant valley-dependent soil moisture patterns during the snow-free season (summer) when runoff frequently occurs. By contrast, the MFC1 site (sub-catchment characterized by clay loam texture, contrast between north-facing and south-facing slopes) located in southern Italy is dominated by time-invariant hillslope-dependent soil moisture fields that depend mostly on the potential solar radiation index. Interestingly, the calibrated set of EMT parameters at the ING site reproduce time instability and a switch between valley-dependent and hillslope-dependent soil moisture patterns that is subjected to climate seasonality. Therefore, in light of projected seasonal climate change, the topographic dependence of soil moisture patterns may be forecast. Since most climate projections warn of future increases in drought spells in the Mediterranean Belt (Norrant and Douguédroit, 2006) , we expect increasing occurrences of hillslope-dependent soil moisture patterns along the estimated empirical relationship.
This approach offers a topographically induced deterministic representation of spatial variability of soil moisture tailored to model scale transfer from field to plot. In this study we assumed soil and vegetation features to be spatially uniform. Importantly, more ambitious downscaling procedures (i.e. from catchment to plot scale) require that due account be taken of the spatial variability of additional biophysical controlling factors. Future investigations should try to expand the proposed approach for large-scale applications with spatial-average soil moisture measured by remote sensing (10-40 km). In this case the EMT model has to be replaced by the most recent upgraded versions that also consider spatially distributed vegetation and soil properties.
This study essentially conceptualized the development of a modeling framework to downscale soil moisture. However, a more in-depth evaluation of its actual potential will be carried out in a subsequent paper with the availability of dense spatio-temporal information about soil moisture values and patterns obtained from new-generation ground-based sensors such as cosmic-ray probes and wireless sensor networks. 
